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Abstract: Radiative transfer models (RTMs) are often used to retrieve biophysical parameters from
earth observation data. RTMs with multi-temporal and realistic forest representations enable radiative
transfer (RT) modeling for real-world dynamic processes. To achieve more realistic RT modeling for
dynamic forest processes, this study presents the 3D-explicit reconstruction of a typical temperate
deciduous forest in 2015 and 2022. We demonstrate for the first time the potential use of bitemporal
3D-explicit RT modeling from terrestrial laser scanning on the forward modeling and quantitative
interpretation of: (1) remote sensing (RS) observations of leaf area index (LAI), fraction of absorbed
photosynthetically active radiation (FAPAR), and canopy light extinction, and (2) the impact of
canopy gap dynamics on light availability of explicit locations. Results showed that, compared to the
2015 scene, the hemispherical-directional reflectance factor (HDRF) of the 2022 forest scene relatively
decreased by 3.8% and the leaf FAPAR relatively increased by 5.4%. At explicit locations where
canopy gaps significantly changed between the 2015 scene and the 2022 scene, only under diffuse
light did the branch damage and closing gap significantly impact ground light availability. This study
provides the first bitemporal RT comparison based on the 3D RT modeling, which uses one of the
most realistic bitemporal forest scenes as the structural input. This bitemporal 3D-explicit forest RT
modeling allows spatially explicit modeling over time under fully controlled experimental conditions
in one of the most realistic virtual environments, thus delivering a powerful tool for studying canopy
light regimes as impacted by dynamics in forest structure and developing RS inversion schemes on
forest structural changes.

Keywords: radiative transfer; forest reconstruction; bitemporal; 3D-explicit; terrestrial LiDAR; remote
sensing; DART
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1. Introduction

Remote sensing (RS) observations can provide spatial and temporal information on
essential climate variables (ECVs) and biophysical properties in forest ecosystems [1,2].
Multiple forest properties relevant to environmental applications (e.g., leaf area index (LAI),
canopy cover, and biomass) can be derived from RS observations of reflected, emitted, or
scattered radiation using physically-based or empirical models. In this context, a compre-
hensive understanding of the interaction between light (i.e., electromagnetic radiation) and
forests is essential for the accurate interpretation of vegetation RS observations [3].

Radiative transfer models (RTMs) simulate the interactions between forest structure
and light using physically described mechanisms [4,5]. RTMs can facilitate our comprehen-
sion of light reflection, transmission, and absorption in forests and help interpret RS data.
Therefore, RTMs are often used to retrieve biophysical parameters from EO data and are
critical in improving the calibration and validation of RS products. Furthermore, RTMs en-
able a precise quantification of scattering and absorption within canopies, which is valuable
for studying fundamental ecosystem processes such as photosynthesis and transpiration.

RTMs calculate the interaction between landscapes and radiation using the radiative
transfer equation (RTE). The RTE describes the differential change of the radiance along
a given direction in the medium [6,7]. The RTE lacks an analytical solution, necessitating
our reliance on some form of approximation to make the equation numerically solvable [7].
The turbid medium approximation is a widely applied approach to describe the radiative
transfer (RT) in vegetation [8–10]. This approach simplifies the vegetation canopy as a
horizontal one-dimensional medium consisting of spatially homogeneous scatterers. It
uses the Beer-Lambert law to describe the transmission of radiation through the vege-
tation canopy [11] as a function of the cumulative LAI [12] and possibly accounting for
the leaf angle [8], scattering and diffuse solar radiation transfer [13,14], heterogeneity/
clumping [15–18], and the hot spot effect [19–21].

Many methods have been developed to solve the RTE. The discrete ordinate method
assumes radiation propagates along a fixed number (N) of discrete directions corresponding
to N RTEs [22,23]. The RT anisotropy can be taken into account by using a large number
of propagation directions (e.g., N > 100). The radiosity method uses the radiation balance
equation on a finite number of discrete scatterers [24]. The Successive Orders of Scattering
method calculates the total radiance vector as the summation of contributions from multi-
scattered photons and pre-defines the maximum scattering number [25].

With the advancement in computer power, the Monte Carlo Ray Tracing (MCRT)
method has become another viable method for RTMs to simulate the interaction between
landscapes and radiation. The MCRT method is derived from computer graphics [26]. It
traces the paths of an enormous number of photons (rays) and simulates a sequence of
scattering events of photons between the light source and the receiver [27–29]. Some MCRT
methods can simulate RT in fully explicit 3D scenes with structural detail at the individual
leaf level [27,28,30–32]. Such RT modeling on structurally explicit 3D scenes (of arbitrary
complexity) provides the opportunity to simulate RS observations with minimal structural
assumptions [33].

The representation of forest structure is an important input that affects RTM accu-
racy [2,5,34–36]. In one-dimensional RT models such as PROSAIL [37], the canopy structure
is assumed to be a spatially homogeneous layer, i.e., the turbid medium layer. In 3D RTMs,
simple 3D geometries (e.g., ellipsoid or cone archetypes) are most often used to repre-
sent the 3D structure of trees [38–41]. When inferring biophysical properties from these
abstract representations, care is needed because such crown archetypes typically do not
fully consider within-canopy clumping [5,42,43]. Some studies built more detailed 3D
tree structures using observed structural parameters and ecological properties [44–49].
Their tree models were built using field inventories, canopy information extracted from
airborne laser scanning (ALS), parametric modeling of plant anatomy, topology, and soft-
ware such as OnyxTree (www.onyxtree.com, accessed on 22 August 2023). However, the
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above 3D models do not necessarily represent tree structure of individuals in the forest
stand sufficiently.

Using fewer assumptions and approximations about physical parameters in the forest
structure reconstruction process generally results in more realistic forest representations.
RTMs with more precise 3D forest structure representations enable more accurate radiative
transfer (RT) modeling at a finer resolution. Widlowski et al. [5] and Liu et al. [2] proved
that the choice of the architectural abstraction for canopies (voxel-based or 3D-explicit) can
result in significant biases in RT modeling. Janoutová et al. [34] showed that compared to
the explicit needle representation, the turbid needle representation could not well reproduce
reflectance around the hot spot and in the extreme zenith angles in RT modeling. Based
on the terrestrial laser scanning (TLS) point cloud, the 3D-explicit structural model first
uses geometric 3D models to reconstruct the woody tree structure. The resulting woody
components are subsequently employed as attractors to rebuild the leaves by incorporating
field-measured structural characteristics and geometric 3D models [50]. Widlowski et al.
built 3D models of three shea trees from TLS data and replicated them to reconstruct a
savanna scene [5]. They employed a ray-casting algorithm to determine the number of
leaves to be placed along the branches inside the canopy for trees with high LAI values.
Calders et al. reconstructed a complete temperate deciduous forest stand using quantitative
structure modeling (QSM) and TLS data [51]. They used the FANNI algorithm to add
leaves to the reconstructed woody structure. Janoutová et al. reconstructed a 3D spruce
tree model from TLS data and tested different levels of leaf representations [34]. These
leaf representations included detailed needle shoots transformed into turbid medium,
simplified shoots retained as facets, and detailed needle shoots retained as facets.

3D-explicit forest representations will guarantee that the relations between forest prop-
erties and satellite/airborne RS signatures at high or very high spatial resolutions can still
be properly understood and adequately exploited [5]. Such realistic 3D forest representa-
tions are of great value for the realistic calibration and validation of earth observation (EO)
data, as well as to provide useful uncertainty assessment [51]. Moreover, 3D-explicit forest
representations are likely to be the most promising way to accurately simulate the response
of in-situ instruments [5]. However, reconstructing the 3D-explicit forest structure at stand
scale (≥1-ha) is time-consuming and labor-intensive [52,53]. Performing RT modeling
using a 3D-explicit structure typically also requires a considerable amount of computa-
tional resources. Considering the above challenges, only a few studies have reconstructed
3D-explicit models from TLS data incorporating all trees within the forest stand. In some
studies, only a small number of trees (less than five) were 3D-explicitly modeled and then
replicated to create a forest stand that was used as input for the RTM [5,34,54]. Instead
of collecting in-situ scanned data, some studies utilized simulated forest point cloud data
or virtual tree models [35,36]. So far, there was only one stand-scale 3D-explicit forest
model for RTM purposes, which individually reconstructed all trees within a forest stand
in Wytham Woods (UK) [51].

Using the multi-temporal forest representation as the structural input for RTMs enables
realistic RT modeling for real-world forest dynamic processes such as tree growth, mortality,
and disturbances. Such multi-temporal RT modeling can help us not only comprehend
the underlying relation behind forest structure changes and RS signal changes that have
occurred in the past but also generate plausible projections of such changes in the future.
Bitemporal forest representation (summer and winter) of a 1.12-ha Järvselja Birch stand
was reconstructed by Widlowski et al. [48] based on inventory data and the subsampling
approach. The forest dynamic change between summer and winter was represented by
trees with and without leaves and differences in ground spectral properties. The temperate
mixed forest located on the southern slope of the Laegern mountain in Switzerland was
scanned by TLS in 2014 [55] and helicopter-based LiDAR in 2010 [43]. 3D forest scenes made
of voxels (2010 and 2014 scenes) and simple 3D geometries (2010 scene) were reconstructed
based on the LiDAR data for RT modeling [43,55]. In addition to forest structure, Lukes
et al. [56] used varying spectral properties to represent the temporal changes in forests.
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However, the above 3D forest scenes in RT modeling were either not reconstructed in
fully explicit (e.g., based on approximations of subsampling reconstruction or voxel-based
representations) or static. There are no structurally explicit and multi-temporal 3D forest
scenes for RT modeling, which limits our capability to model dynamic RT processes of
forests in a spatially explicit way and to investigate the impact of forest structural dynamics
on RT at fine spatial scales.

Based on recent advances in TLS hardware and processing, multi-temporal and 3D-
explicit forest structure models could be built for RT modeling to aid research and applica-
tions in RS, climate change, and ecology. To this end, this study aims to: (1) reconstruct
the 3D-explicit scene of a typical temperate deciduous forest at two time stamps, 2015 and
2022, to achieve physically realistic and process-traceable RT modeling of forest dynamics;
(2) demonstrate the potential use of this bitemporal 3D-explicit RT modeling on the forward
modeling and quantitative interpretation of: RS observations of LAI, fraction of absorbed
photosynthetically active radiation (FAPAR), and stand-level canopy light regimes; and the
impact of canopy gap dynamics on light availability at explicit locations within the canopy
under different illumination conditions (diffuse light, midday direct light, and morning
direct light); (3) evaluate the computational efficiency of the bitemporal 3D-explicit RT
modeling presented. We intend to demonstrate that the bitemporal 3D-explicit RT modeling
presented allows spatially explicit modeling of canopy light regimes over time to study key
ecosystem processes related to canopy light distribution and to aid in the interpretation
of RS data on forest structural dynamics. If successful, this study would provide the first
3D-explicit forest model with bitemporal structural representations, which is one of the
most realistic forest scenes for bitemporal 3D RT modeling to date.

2. Materials and Methods
2.1. Study Area and Data Collection

The study site is Wytham Woods [57,58], a typical temperate forest located in the
southern UK (Figure 1). The research was conducted within a 1-ha area (100 × 100 m)
of mixed deciduous forest, which is a part of the ForestGEO global network of forest
inventory plots nested within an 18-ha long-term forest inventory plot run by Oxford
University [51,59]. Sycamore (Acer pseudoplatanus), common ash (Fraxinus excelsior), and
common hazel (Corylus avellana) were the dominant species.
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Calders et al. [51] collected the 3D structural information of the study area in 2015
using TLS. The forest inventory census data was also used in Calders et al. [51], which
showed that in 2015, the average diameter at breast height (DBH) of the individual tree
in the site was 35.2 cm and the median DBH was 24 cm. In the census, the smallest DBH
was 2.9 cm and the largest DBH was 141.2 cm. This study repeated the TLS data collection
in leaf-off (February and March 2022) and leaf-on (June 2022) conditions. The 1-ha plot
was scanned in a regular 20 × 20 m grid. There were 36 scan locations in total. A 0.04◦

angular sampling was used for both zenith and azimuth angles during scanning, with
the scanning range spanning from 0◦ to 130◦ for zenith and 0◦ to 360◦ for azimuth. An
upright and a tilted scan were conducted at each scan location for better scanning coverage.
Spectral properties of leaves, bark, and understorey in the study area measured by Calders
et al. [51] using a FieldSpec (ASD Spectrometer) (Malvern Panalytical, Malvern, UK) were
used in this study for RT modeling. The TLS data of the study area in 2015 was collected
using a RIEGL VZ-400 scanner (RIEGL, Horn, Austria) [51], whereas a RIEGL VZ-400i
TLS was used in 2022. In 2015 and 2022, the scanners were both operated with a scanning
frequency of 300 khZ, and the operating wavelength of the two instruments was both
1550 nm. These two terrestrial laser scanners record different lower reflectance thresholds
(−20 dB in VZ-400 and −25 dB in VZ-400i) in the raw data. The data from both scanners
were compared, indicating similar raw data when reflectance values below −20 dB were
filtered out.

2.2. 3D-Explicit Reconstruction of 2022 Forest Stand Structure

The 3D-explicit model of the 2022 forest stand was reconstructed in this study. This
reconstructed forest scene, together with the scene reconstructed in 2015 [51], were used as
structural inputs for bitemporal RT modeling. Similar to the approach used to reconstruct
the 2015 scene [51], our forest stand reconstruction was conducted in four main steps:
(1) tree segmentation; (2) quantitative structure modeling; (3) leaf addition; and (4) digital
terrain model (DTM) generation and forest stand assembling. TLS data of the leaf-off
condition was used for tree extraction and QSM modeling (steps 1 and 2). Both leaf-on and
leaf-off data were used for the leaf addition step (step 3). The DTM was generated based
on the leaf-off point cloud of the plot.

2.2.1. Tree Extraction

Point clouds from all scan locations were first co-registered to a single point cloud
using RIEGL’s RiSCAN PRO software package (v2.17). In 2015, the colored iron flags were
put at the scan locations. When conducting scanning in 2022, by using these flags as the
reference, we put the scanners at the same scan locations as in 2015. Therefore, the TLS
plot scans were aligned between 2015 and 2022. Similar to the reconstruction of the 2015
model, the registered plot point cloud was downsampled to 0.026 m resolution. Calders
et al. [51] extracted individual trees of the forest stand from 2015 leaf-off point cloud data
using the treeseg open-source software (v0.1.0) [61] with manual quality control. This study
used these 2015 extracted trees as a starting base to manually segment individual trees
from the 2022 leaf-off point cloud data. Manual segmentation can be time-consuming but
guarantees the highest quality control for segmentation [62].

2.2.2. Quantitative Modeling of Tree Structure

This study built a QSM [63] for each tree based on their segmented leaf-off point
cloud. The QSM workflow [62] using treeqsm v2.0 was used. Based on the skeleton of
the tree leaf-off point cloud, this QSM workflow fitted cylinders to the point cloud data.
More specifically, we first built multiple QSMs from the individual tree point cloud using
different cover patch sizes (from 0.03 m to 0.08 m at an increment of 0.005 m). Under each
cover patch size, ten QSMs were built. Then we used the optimal workflow from Calders
et al. [51] and the visual quality check with the original point cloud as the reference to
choose the optimal tree QSM from the multiple QSMs reconstructed.
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2.2.3. Leaf Addition

The modeled tree QSM was used as an attractor to rebuild the leaves using the Foliage
and Needles Naïve Insertion (FaNNI) algorithm [50]. The leaf area density distribution
depended on the branch height and order. The reconstructed leaves mostly faced upwards
with some random variations. The assumed leaf shape was a tetragon, and the length was
distributed uniformly between 25 cm and 30 cm. The above leaf shape assumptions could
reduce the number of triangular facets modeled with acceptable realism, thus providing a
feasible computational efficiency for RT modeling. This study used the same leaf structural
simplifications as in the 2015 scene [51] when reconstructing leaf models for 2022 to remain
similar leaf shapes in the bitemporal comparison of RT modeling.

The LAI was obtained based on leaf-on and leaf-off scans of 2022. LAI is defined as
half the total developed area of leaves per unit horizontal surface area [64]. The directional
gap fraction was used with the raw TLS data to calculate the mean effective wood area
index (eWAI, from leaf-off data) and effective plant area index (ePAI, from leaf-on data)
based on methods from Calders et al. [65,66], and methods from Jupp et al. [67] that were
implemented in the pylidar package (https://www.pylidar.org/, accessed on 9 June 2023).
The directional gap fraction was the gap fraction of the canopy in a certain hinge region at
each scan location. The zenith ring between 55◦ and 60◦ was used as the hinge region in
this study to convert the gap fraction model without making assumptions about the foliage
and wood orientation function [65]. The eWAI was defined as one-half of the total area of
light that can be intercepted by stems and branches per unit of horizontal ground surface
area, which was extracted from leaf-off scan data. The ePAI was defined as one-half of the
total area of light intercepted by plants per unit of horizontal ground surface area, which
was extracted from leaf-on scan data.

The effective leaf area Index (eLAI) was defined as one-half of the total area that light
can be intercepted by leaves per unit of horizontal ground surface area [68]. Similar to the
2015 model, the eLAI of the 2022 model was estimated using a linear regression between
ePAI, eWAI, and eLAI (eLAI = 0.552 + 1.069 × (ePAI − eWAI), R2 = 0.87) [65]. The eLAI of
the plot was the average value of the eLAI calculated from every scan location. Based on
Ryu et al. [69], a clumping index Ω of 0.98 was used to estimate the total stand leaf area:
total leaf area = 10,000 × eLAI/Ω. The 10,000 is the total area of the plot in m2 (i.e., 1-ha).
We conducted this empirical calibration of LAI to ensure consistency with the processing
of the 2015 models, thereby justifying the comparative analysis. The total stand leaf area
was distributed over all trees according to the relative tree branch length obtained from the
tree QSM.

2.2.4. DTM Generation and Forest Stand Assembling

We used the Triangulated Irregular Network (TIN) algorithm [70] to build DTM from
the 2022 leaf-off point cloud data. The TIN algorithm created the DTM by the iterative
densification of the triangulated irregular network. The spatial resolution of the DTM was
1 m. After DTM generation, the 3D-explicit forest stands were reconstructed by placing all
3D-explicit modeled trees on the DTM. The spectral properties of leaves and wood (Figure 2)
were assigned to each tree in the reconstructed 2022 forest stand based on the individual
tree species. The reflectance of DTM was set as in-situ measured understorey reflectance.

2.3. Radiative Transfer Modeling
2.3.1. Canopy Light Regimes at the Stand Scale

The DART model [31,71] was used to conduct RT modeling. DART can simulate the
Earth-atmosphere radiation interactions from visible to thermal infrared wavelengths. A
comprehensive benchmarking between DART and other RTMs for simulating vegetation
canopy reflectance has been conducted by Pinty et al. [72,73] and Widlowski et al. [4,48,74].
Liu et al. [75] also benchmarked DART modeling against UAV-measured images using the
2015 Wytham Woods model. DART modeling showed agreement with UAV RS imagery in

https://www.pylidar.org/


Remote Sens. 2024, 16, 3639 7 of 28

both pixel level with Pearson’s r = 0.6 at NIR band and stand scale (normalized deviation
+1.9% at NIR band) [75].
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Figure 2. Spectral properties of different tree species in the plot [2,51]. (a) Reflectance and transmit-
tance of leaves; (b) reflectance of bark.

The 3D-explicit forest scenes of the 2015 and 2022 Wytham Woods forest stand were
used as structural inputs for DART. The scenes were duplicated around themselves eight
times to ensure energy conservation in the RT modeling. In this duplication process, the
height of DTM’s edge was slightly shifted to preserve the continuity of the scene and
slope (see “infinite slope” in [76,77]). The atmosphere characteristics were based on the
MODTRAN atmosphere model [78]. The Mid-Latitude Summer gas model and the Rural
aerosol model with a visibility of 23 km were used in this study [79]. The sky was assumed
to be cloud-free in the modeling [43]. The solar zenith and azimuth angles were 38.4◦

and 125.2◦, respectively. These solar angles were the same as in the DART benchmarking
work against UAV RS imagery [75], corresponding to the solar angles at Wytham Woods at
10 a.m. on the 30 June 2015, which corresponds to the period of data collection in 2015.

We simulated multiple forest biophysical properties and biosphere ECVs at two time
stamps (2015 and 2022) in this study. These simulated variables include top-of-canopy
variables (HDRF at nadir viewing direction), inside-canopy variables (the vertical profiles
of light extinction, absorption, and LAI), and stand-level variables (canopy cover and
FAPAR). LAI, canopy cover, and FAPAR are biosphere ECVs that critically contribute
to the characterization of Earth’s climate [80]. The vertical profiles of light extinction
and absorption are essential for understanding forest processes and ecosystem functions
because light interception is a driving variable for many key ecosystem processes [81].
The HDRF is the reflectance product of space-based RS instruments that have an IFOV
with a full cone angle of approximately 0.1◦ (e.g., MODIS, AVHRR) [82]. We simulated
these variables to demonstrate the potential of this bitemporal 3D-explicit RT modeling
on the forward modeling and quantitative interpretation of observations on important
forest variables.

The HDRF was simulated using the DART-Lux mode. The DART-Lux mode allowed
rapid simulation of spectral images of complex landscapes. The comparison in a variety
of scenarios showed that DART-Lux mode was consistent with DART-FT mode (relative
differences < 1%), with image simulation time and memory reduced by a hundredfold [31].
The FAPAR and the vertical profiles of light extinction and absorption were simulated
using the DART-FT mode, as the DART-Lux mode was less efficient than the DART-FT
mode in radiative budget modeling.

The spatial resolution of the DART-FT modeling was 1 m (i.e., the cell dimension in
the modeling was 1 × 1 × 1 m3, and the vertical profiles of light extinction and absorption
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were documented every 1 m along height). In the modeling, the amounts of PAR absorbed
by every object in the scene were recorded and used to calculate different types of FAPAR
by dividing by the amount of PAR reaching the scene. More specifically, leaf FAPAR, wood
FAPAR, understorey FAPAR, and total FAPAR were recorded in the modeling for better
analysis of radiative transfer processes within the canopy. The leaf, wood, understorey, and
total FAPAR were the fraction of photosynthetically active radiation absorbed by leaves,
woody components, understorey, and whole forest scene, respectively. The canopy cover
and the vertical profile of LAI of the virtual forest scenes in RT modeling were calculated
from the reconstructed bitemporal 3D-explicit forest stand. The canopy cover refers to
the ratio of vertically projected canopy-covered area to the total area of the given site [83].
We also documented the leaf cover and wood cover in this study to better analyze the RT
process within the forest. The leaf cover and wood cover refer to the ratio of vertically
projected leaf-covered and wood-covered area to the total area of the given site, respectively.
The bitemporal RS images were simulated for Sentinel-2 MSI bands using a flat sensor
spectral response for each waveband. We simulated the top of the canopy HDRF at nadir
viewing direction. HDRF simulations at moderate (10 m), high (25 cm), and ultra-high
resolutions (1 cm) were conducted to match the Sentinel-2, commercial high-resolution
(e.g., Planet), and possible ultra-high resolution EO missions in the future.

Light extinction and absorption inside the canopy were 3D-explicitly simulated at
PAR (400–700 nm), blue (457.5–522.5 nm), green (542.5–577.5 nm), red (650–680 nm), and
NIR (784.5–899.5 nm) bands. The amount of downward radiation (zenithal range 90–180◦,
azimuthal range 0–360◦) at a certain height layer above the ground at stand scale was
recorded in the simulation and used to calculate the canopy light extinction at that height
by comparing to the solar irradiance.

2.3.2. Canopy Light Availability at Explicit Locations

We selected 4 locations in the forest stand that represent typical examples of gap
dynamics (Figures 3 and 4). The horizontal locations of selected canopy gap dynamics were
shown in Figure 3. Figure 4 shows the vertical profiles of selected canopy gap dynamics
observed by terrestrial laser scanning. The first location was a gap located at a dead tree
fall. At this location, the dead tree fall increased the gap fraction within the canopy, while
the growth of the neighboring tree canopy reduced the gap fraction. The gap fraction was
calculated as the fraction of the sky visible through the canopy [84]. The second location
was a new canopy gap caused by the branch damage of a living tree. It was used to study
the impact of canopy damage on light availability within the canopy and at ground level.
The third location was a closing gap due to neighboring canopy growth. The fourth location
was a reference location for comparison where only natural canopy growth occurred.

To investigate the impact of gap dynamics on light availability within the canopy,
three illumination conditions were used in this simulation of explicit locations: perfectly
diffuse light, midday direct light, and morning direct light. Diffuse light arose from the
scattering of sunlight by the atmosphere and arrived at the scene equally from all directions,
whereas direct light arrived in a straight line from the sun without being scattered [85].
The illumination zenith and azimuth angles for the midday direct light were 28.4◦ and
180◦, respectively. This illumination angle corresponded to the solar angle of 1 p.m. at the
study site on the summer solstice (i.e., the maximum solar altitude angle for the year). The
illumination zenith and azimuth angles for the morning direct light were 81.3◦ and 62.7◦,
respectively. This illumination angle corresponded to the sun’s position at 6 a.m. on the
summer solstice at the study site.

The canopy light availability at the above locations was simulated. The photosyntheti-
cally active radiation (PAR) sensor measurements of downward radiation at 400 to 700 nm
wavelengths were simulated at each location. The simulated PAR sensors measured all
downward PAR (i.e., zenithal range 90–180◦, azimuthal range 0–360◦) passing through
the intercepting area. The radius of the sensor intercepting area was 3 cm. The spectral
response of the sensor was assumed to be flat. The sensors were placed every 1 m along
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the height, starting at 1 m above ground up to the top of the canopy (25 m above ground)
(Figure 4), to simulate canopy light availability below, inside, and above the canopy. The
sensor’s field of view was assumed to be the entire hemisphere (i.e., zenith viewing angle
0–90◦, azimuth viewing angle 0–360◦). To account for the light extinction, the downward
radiation recorded by the simulated PAR sensor was normalized by dividing by the solar
irradiance. The solar irradiance was obtained above the canopy, from sensor simulations
at 40 m height. Finally, the simulated bitemporal light extinction profiles at each location
were used to study the impact of gap dynamics on forest light regimes.
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2.4. Evaluation of Computational Efficiency of Bitemporal 3D-Explicit Radiative Transfer Modeling

The computational efficiency of the presented bitemporal 3D-explicit radiative transfer
modeling was evaluated by the time and RAM consumption. We documented the time and
RAM consumption of different types of RT simulations conducted, including simulations
of optical remote sensing observation, canopy light distribution, and light availability at
explicit locations (PAR sensor simulation). The RT simulations were conducted at the HPC
facility of Ghent University. The hardware and simulation settings related to efficiency are
listed in Table 1.
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Table 1. Hardware condition and simulation settings related to computational efficiency.

Hardware 2 × 64-Core AMD EPYC 7773X (Milan-X @ 2.2 GHz)
One Node × 18 Processors for Each RT Simulation

DART simulation
settings

Radiative method

Image and sensor
simulations DART-Lux

Radiative budget
simulations DART-FT

Target sample density per
pixel (DART-Lux) 100

Cell dimension (DART-FT) 1 m

Transition: TOA <-> BOA RT modeling with Earth-atmosphere coupling
and diffuse transmittance
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2.5. Flowchart of Research Methodology

The methodology flowchart of this research is shown in Figure 5.
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Figure 5. Flowchart of research methodology. QSMs of woody structure were reconstructed using
leaf-off TLS data.
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3. Results
3.1. 3D-Explicit Reconstruction of 2022 Forest Stand

Leaf-off point clouds of 520 individual trees were segmented from the 1-ha leaf-off
2022 TLS data (Figure 6). The dynamics in the wood structure of an individual tree from
2015 to 2022 are illustrated in Figure 7. At stand scale, 30 trees have fallen since 2015,
including 20 living and ten dead trees. QSMs of 520 trees in the stand were reconstructed
individually based on their segmented point cloud data. Figure 8c shows an example of
the optimized QSM for a Sycamore tree.
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Directional gap fraction analysis in leaf-on and leaf-off conditions obtained a stand-
level ePAI of 5.7 and an eWAI of 1.9 by calculating the average ePAI and eWAI values from
all scan locations. Thus, the eLAI and LAI were estimated to be 4.6 and 4.7, respectively. The
509 living trees had a total branch length of 202.7 km, according to QSM. The branch length
of the individual living trees ranged from 2 m to 9.3 km, with the median branch length
per tree being 195.5 m. The total leaf area of 47,000 m2 was distributed over the individual
trees based on the relative branch length (tree branch length divided by total stand branch
length). Figure 8d shows a fully reconstructed 3D-explicit model of a Sycamore tree. The
complete 1-ha 3D-explicit models for the 2022 and 2015 forest stands are shown in Figure 9.
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Figure 8. 3D-explicit reconstruction of a Sycamore (Acer pseudoplatanus) tree. (a) TLS point cloud
colored by height (leaf-off); (b) QSM overlaid with TLS leaf-off point cloud; (c) QSM, the modeled
branch length was 3863.3 m; (d) Fully reconstructed tree: QSM + leaves, the leaf area assigned to this
tree was 888.2 m2.
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Figure 9. The 3D-explicit models of the complete 1-ha Wytham Woods forest stand in (a) 2015 and
(b) 2022. The different leaf colors represent the different tree species present in Wytham Woods. The
stems and branches of all trees are shown in brown.

3.2. Bitemporal Radiative Transfer Modeling
3.2.1. Vertically Resolved Radiative Transfer

The vertical distribution of LAI in the 2022 forest scene shifted upward compared to
the 2015 scene (2022 vertical LAI peak: 20 m above ground, 2015 vertical LAI peak: 19 m
above ground) (Figure 10c). The simulated vertical light absorption profile for the 2022
scene also shifted upwards from the 2015 scene (Figure 10b): the absorption peak of the
2022 scene was 21 m above ground, which was one meter higher than in the 2015 scene.
Correspondingly, the light availability decreased faster from top-of-canopy to ground level
in the 2022 scene compared to 2015 (Figure 10a). The above trends also apply to NIR, blue,
green, and red bands (Figure 11). While the LAI increased from 2015 to 2022 (from 3.8
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to 4.7), the canopy cover and leaf/wood cover did not show a big change (Table 2). The
leaf cover remained the same, and the wood cover decreased by 5% because 30 trees fell
between 2015 and 2022. The forest’s total FAPAR also did not change along with vertical
and total LAI (Table 2). The leaf FAPAR increased by 0.037, the wood FAPAR decreased by
0.033, and the understorey FAPAR remained the same from 2015 to 2022.
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Figure 10. The vertical profiles of simulated (a) light extinction, (b) light absorption, and (c) leaf area
per meter of height in 2015 and 2022 forest scenes. The results of light extinction and absorption were
based on the PAR band. The illumination zenith angle (IZA) was 38.4◦ and the illumination azimuth
angle (IAA) was 125.2◦.

Table 2. The LAI, vegetation cover, and simulated FAPAR in 2015 and 2022 forest scenes.

Year 2015 2022

LAI 3.8 4.7

Vegetationcover

Leaf cover 85% 85%

Wood cover 48% 43%

Canopy cover
(leaf + wood) 88% 87%

FAPAR

Leaf 0.69 0.73

Wood 0.14 0.10

Understorey 0.06 0.06

Total 0.89 0.90
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Figure 11. The vertical profiles of simulated (a) light extinction and (b) light absorption in the blue,
green, red, and NIR bands for the 2015 and 2022 forest scenes. Illumination zenith angle (IZA) 38.4◦,
illumination azimuth angle (IAA) 125.2◦.

3.2.2. Forward Modeling of Hemispherical-Directional Reflectance Factor

The simulated bitemporal HDRF images at the spatial resolution of Sentinel-2 obser-
vation, high-resolution commercial RS observation, and potential ultra-high-resolution
RS observation were shown in Figure 12. The HDRF of the 2022 scene at nadir viewing
direction was on average 3.8% lower than the 2015 scene, in Sentinel-2 RGB bands. In
contrast, in the NIR band, the 2022 forest scene reflected more radiation than the 2015 scene.
The HDRF at nadir viewing direction was 4.2% higher in 2022 compared to 2015. These
changes in HDRF were caused by the forest structure dynamics from 2015 to 2022.
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Figure 12. Simulated top of canopy images of Wytham Woods forest scenes in 2015 and 2022. The
images were simulated under nadir viewing directions and Sentinel-2 RGB bands. IZA 38.4◦, IAA
125.2◦. (a,b) Ultra-high resolution images in 2015 and 2022 (spatial resolution: 1 cm); (d,e) 25 cm
resolution images in 2015 and 2022; (g,h) 10 m resolution images in 2015 and 2022; (c,f,i) Spatial
pattern of HDRF variation from 2015 to 2022 (red band).

3.2.3. Impacts of Canopy Gap Dynamics on Light Availability

Results showed that the canopy gap dynamics had important impacts on the simulated
local light availability. These impacts were also different depending on the illumination
conditions (Figures 13–16).



Remote Sens. 2024, 16, 3639 17 of 28

Remote Sens. 2024, 16, x FOR PEER REVIEW  18  of  30 
 

 

resolution  images  in 2015 and 2022; (g,h) 10 m resolution  images  in 2015 and 2022; (c,f,i) Spatial 

pattern of HDRF variation from 2015 to 2022 (red band). 

3.2.3. Impacts of Canopy Gap Dynamics on Light Availability 

Results showed that the canopy gap dynamics had important impacts on the simu-

lated local light availability. These impacts were also different depending on the illumi-

nation conditions (Figures 13–16). 

The canopy gap dynamic at location 1 was caused by a dead tree fall and the growth 

of the neighboring canopy. Under diffuse light, the downward PAR at 9 to 20 m above 

ground at location 1 decreased by 7.8% of solar irradiance from 2015 to 2022 (Figure 13a). 

The largest reduction happened at 14 m height, where the downward PAR decreased by 

15% of solar irradiance. At 9 to 20 m above ground, the tree canopy growth near the gap 

had a greater  impact on the gap fraction than the dead tree fall. Hence, the downward 

PAR at these heights decreased under diffuse light. 

Under midday direct light, the downward PAR increased significantly from 2015 to 

2022 at 5 to 10 m above ground (Figure 13b). The downward PAR at 5 to 10 m heights in 

the 2022 scene  increased by 84.8% of solar  irradiance on average compared to the 2015 

scene. Moreover, there was a brief increase of downward PAR at 4 m height in the 2015 

scene compared to other heights, which was caused by sunflecks at this location. Under 

more oblique direct light in the morning, the downward PAR at 17 to 20 m heights in 2022 

decreased by 70.3% of solar irradiance compared to 2015 (Figure 13c). In 2015 forest scene 

location 1, the midday direct light can reach sensors higher than 10 m without being in-

tercepted by the canopy. Then, the incident light began to be partially intercepted by the 

dead tree before reaching the sensor at 10 m height and was fully obscured before reaching 

the sensor at 8 m height. In the 2022 scene, due to the fall of a dead tree, the midday direct 

light can reach the sensors at 5 m height and above without being intercepted. As a result, 

there was an increase in downward PAR at 5 to 10 m heights in 2022 under midday direct 

light, compared to 2015. The morning direct light passed more horizontally through the 

canopy  than  the midday direct  light  (zenith angle 81.3° vs. 28.4°). As a result,  it had a 

longer path through the canopy and was intercepted more by the top of the canopy com-

pared to midday direct light. In the 2015 scene, the morning direct light can reach sensors 

at 18 m height and above without being  intercepted by  the canopy. While  in  the 2022 

scene, the morning direct light was intercepted by the canopy at higher positions (20 m 

height) than in the 2015 scene due to the canopy growth, which resulted in the decrease 

of downward PAR at 17 to 20 m heights from 2015 to 2022. 

 

Figure 13. Light extinction profiles of downward PAR at  location 1:  (a) diffuse  light;  (b) midday 

direct light (IZA 28.4°, IAA 180°); (c) morning direct light (IZA 81.3°, IAA 27.3°). The X axis is the 
local light availability represented as the percentage of incident solar irradiance. The Y axis is the 

height from the simulated sensors to the ground. (d) The canopy gap dynamic at this location. 

Figure 13. Light extinction profiles of downward PAR at location 1: (a) diffuse light; (b) midday
direct light (IZA 28.4◦, IAA 180◦); (c) morning direct light (IZA 81.3◦, IAA 27.3◦). The X axis is the
local light availability represented as the percentage of incident solar irradiance. The Y axis is the
height from the simulated sensors to the ground. (d) The canopy gap dynamic at this location.
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downward PAR at 1 to 22 m heights in location 3 decreased by 20.3% of solar irradiance 

Figure 14. Light extinction profiles of downward PAR at location 2: (a) diffuse light; (b) midday
direct light (IZA 28.4◦, IAA 180◦); (c) morning direct light (IZA 81.3◦, IAA 27.3◦). The X axis is the
local light availability represented as the percentage of incident solar irradiance. The Y axis is the
height from the simulated sensors to the ground. (d) The canopy gap dynamic at this location.

The canopy gap dynamic at location 1 was caused by a dead tree fall and the growth
of the neighboring canopy. Under diffuse light, the downward PAR at 9 to 20 m above
ground at location 1 decreased by 7.8% of solar irradiance from 2015 to 2022 (Figure 13a).
The largest reduction happened at 14 m height, where the downward PAR decreased by
15% of solar irradiance. At 9 to 20 m above ground, the tree canopy growth near the gap
had a greater impact on the gap fraction than the dead tree fall. Hence, the downward PAR
at these heights decreased under diffuse light.
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Figure 15. Light extinction profiles of downward PAR at location 3: (a) diffuse light; (b) midday
direct light (IZA 28.4◦, IAA 180◦); (c) morning direct light (IZA 81.3◦, IAA 27.3◦). The X axis is the
local light availability represented as the percentage of incident solar irradiance. The Y axis is the
height from the simulated sensors to the ground. (d) The canopy gap dynamic at this location.
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Figure 16. Light extinction profiles of downward PAR at location 4: (a) diffuse light; (b) midday
direct light (IZA 28.4◦, IAA 180◦); (c) morning direct light (IZA 81.3◦, IAA 27.3◦). The X axis is the
local light availability represented as the percentage of incident solar irradiance. The Y axis is the
height from the simulated sensors to the ground. (d) The canopy gap dynamic at this location.

Under midday direct light, the downward PAR increased significantly from 2015 to
2022 at 5 to 10 m above ground (Figure 13b). The downward PAR at 5 to 10 m heights in
the 2022 scene increased by 84.8% of solar irradiance on average compared to the 2015
scene. Moreover, there was a brief increase of downward PAR at 4 m height in the 2015
scene compared to other heights, which was caused by sunflecks at this location. Under
more oblique direct light in the morning, the downward PAR at 17 to 20 m heights in
2022 decreased by 70.3% of solar irradiance compared to 2015 (Figure 13c). In 2015 forest
scene location 1, the midday direct light can reach sensors higher than 10 m without being
intercepted by the canopy. Then, the incident light began to be partially intercepted by the
dead tree before reaching the sensor at 10 m height and was fully obscured before reaching
the sensor at 8 m height. In the 2022 scene, due to the fall of a dead tree, the midday
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direct light can reach the sensors at 5 m height and above without being intercepted. As a
result, there was an increase in downward PAR at 5 to 10 m heights in 2022 under midday
direct light, compared to 2015. The morning direct light passed more horizontally through
the canopy than the midday direct light (zenith angle 81.3◦ vs. 28.4◦). As a result, it had
a longer path through the canopy and was intercepted more by the top of the canopy
compared to midday direct light. In the 2015 scene, the morning direct light can reach
sensors at 18 m height and above without being intercepted by the canopy. While in the
2022 scene, the morning direct light was intercepted by the canopy at higher positions (20 m
height) than in the 2015 scene due to the canopy growth, which resulted in the decrease of
downward PAR at 17 to 20 m heights from 2015 to 2022.

The gap formation at location 2 (Figure 14d) was caused by branch damage in the
upper canopy. This gap dynamic led to a greater gap fraction and increased the light
availability inside the canopy. Under diffuse light, the downward PAR at 1 to 22 m
heights in location 2 increased by 15.5% of solar irradiance on average from 2015 to 2022
(Figure 14a). The maximum increase occurred at 21 m height (47% of solar irradiance),
and this downward PAR difference between 2015 and 2022 scenes gradually declined to
3% of solar irradiance as one moved from the interior of the canopy to the understory
(sensor height decreased from 21 m to 1 m). The gap dynamic of location 2 occurred at
the upper canopy (Figure 14d). This gap dynamic had less impact on the gap fraction at
more distant positions (i.e., closer to the ground) due to the field of view. Therefore, under
diffuse illumination, the downward PAR difference under the canopy between 2015 and
2022 was smaller than the difference within the canopy.

Under midday direct light, the downward PAR at 14 to 21 m heights in location 2
increased significantly (93.2% of solar irradiance on average) from 2015 to 2022 (Figure 14b).
The branch damage at location 2 happened at the upper canopy. In the 2022 scene, the
midday direct light can reach the sensor at 14 m height without being intercepted because
of this gap dynamic. In the 2015 scene, the midday direct light was intercepted by the
upper canopy (at 21 m height). As a result, the downward PAR at 14 to 21 m heights in the
2022 scene increased significantly than in the 2015 scene, under midday direct light. As the
height decreased, there was also some brief increase of light availability at several heights
below and within the canopy (fluctuations in Figure 14b, at 1 to 11 m heights, and 17, 19
m heights of the 2015 scene). Sunflecks caused these brief increases in light availability,
as midday direct light can better penetrate the canopy than diffuse and morning direct
light. Under more oblique direct light of morning, the downward PAR at 20 to 22 m heights
decreased by 85.3% of solar irradiance from 2015 to 2022 (Figure 14c). This was because the
morning direct light was obscured by the top of the canopy before reaching the canopy gap
caused by branch damage. Due to the growth of the neighboring canopy, the 2022 canopy
was taller than the 2015 canopy and the light was intercepted at higher positions in the
2022 scene.

The closing gap in location 3 (Figure 15d) resulted in a decrease in gap fraction, which
led to less downward PAR within the canopy under diffuse light. Under diffuse light, the
downward PAR at 1 to 22 m heights in location 3 decreased by 20.3% of solar irradiance
on average from 2015 to 2022 (Figure 15a). The largest reduction occurred at 16 m height
(decreased by 67.3% of solar irradiance). The closing gap also caused direct light to be
intercepted by the canopy at higher positions. In the 2015/2022 scene, the midday direct
light can reach the sensors at 13/17 m height without being intercepted, respectively. Hence,
the downward PAR at 13 to 16 m heights in the 2022 scene decreased by 99.9% of solar
irradiance compared to the 2015 scene (Figure 15b). Similarly, under morning direct light,
the downward PAR at 17 to 21 m heights decreased by 82.7% of solar irradiance from 2015
to 2022 (Figure 15c). Moreover, there was a brief increase of downward PAR in the 2015
scene at 10 m height under midday direct light (Figure 15b).

Location 4 was a reference point without gap dynamics apart from natural tree growth
(Figure 16d). Under diffuse light, the downward PAR at 8 to 23 m heights of location 4
decreased by 16.5% of solar irradiance on average from 2015 to 2022 (Figure 16a). The
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largest reduction occurred at the top of the canopy (22 m height, decreased by 82.1% of
solar irradiance).

Due to the tree growth, the 2022 canopy was higher than the 2015 canopy and thus
intercepted the direct light at higher positions. Under morning direct light, the downward
PAR at 22 to 23 m heights decreased by 99.7% of solar irradiance from 2015 to 2022
(Figure 16c). Under midday direct light, the downward PAR at 21 m height decreased by
99.6% of solar irradiance from 2015 to 2022. Meanwhile, the height of sunflecks within the
canopy shifted upwards (6 to 8 m heights in the 2015 scene, 10 to 11 m heights in the 2022
scene), causing significant differences in light availability within the canopy between the
2015 and 2022 scenes (Figure 16b).

Under diffuse light, the ground PAR availability at location 2 relatively increased by
33% (from 9.1% of solar irradiance to 12.1% of solar irradiance) due to the branch damage
(Figure 14a, 1 m height). At location 3, the ground PAR availability relatively decreased
by 31.9% (from 9.1% of solar irradiance to 6.2% of solar irradiance) because of the closing
gap. Under direct light, as mentioned above, the PAR availability at the ground mainly
depended on whether the incident light could reach the ground unhindered. Since the
direct light, whether in the morning or midday, was all intercepted by the canopy before
reaching the ground, the canopy gap dynamics in this study had no significant impact
on the ground light availability under direct light. Only at location 2 in the 2015 scene,
under midday direct light, did the downward PAR at 1 m height show a brief increase
(Figure 14b). This increase in ground PAR availability was caused by the sunflecks.

3.2.4. Computational Efficiency of Bitemporal 3D-Explicit Radiative Transfer Modeling

Even though there were about 1.8 million individual objects in each of the 2015 and
2022 forest scenes, the RT modeling required little computational resources (Table 3). Our
bitemporal 3D-explicit forest scene combined with the DART model can achieve highly
realistic forest RT modeling with a feasible computational resource cost. It is a novel and
promising approach to modeling RT for RS and ecology research.

Table 3. Computational resource consumption for different types of bitemporal 3D-explicit radiative
transfer modeling.

RT Modeling Type Spatial
Resolution

Time Consumption
(min)

RAM
Consumption (GB)

Optical remote
sensing observation

10 m 7 8

25 cm 17 10.2

1 cm 4867.8 785.4

Canopy light distribution 1 m 216.8 41.8

Light availability at
explicit locations

(PAR sensor simulation)
Each sensor 24.1 3.5

4. Discussion
4.1. Impacts of Forest Structural Dynamics on Radiative Transfer

The Wytham Woods forest is a mature forest. From 2015 to 2022, its canopy cover
did not substantially change. Therefore, the leaf FAPAR only increased by 0.037 (a relative
increase of 5.4%) while the LAI increased by 23.7%. Meanwhile, the nadir HDRF relatively
decreased by 3.8% in visible bands. The absorption was the dominant canopy-light inter-
action in visible bands. With the increase of LAI (3.8 to 4.7), the canopy absorbed more
radiation at visible bands this might cause less radiation to be reflected to the sensor by the
canopy due to energy conservation.

In the NIR band, in contrast to the visible bands, the scene nadir HDRF increased
(+4.2%) with increasing LAI. In the NIR band, canopy reflection is the dominant canopy-
light interaction, as little radiation was absorbed by the canopy. Therefore, the increase of
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LAI caused more reflections of NIR radiation from the canopy, which resulted in the higher
nadir NIR HDRF in the 2022 scene than in the 2015 scene.

4.2. Impacts of Canopy Gap Dynamics on Local Light Availability

Under diffuse light, the canopy PAR availability decreased gradually from the top
of the canopy to the ground level (Figures 13a, 14a, 15a and 16a). Diffuse light came
homogenously from the sky in multiple directions. Therefore, the gap fraction at a position
determined how much diffuse light could reach this position without being intercepted.
The canopy gap dynamics impacted the PAR availability within the canopy by changing the
gap fraction of locations underneath it. The closing gap (location 3), tree growth (location 4),
and canopy growth near the fallen tree (location 1) reduced the gap fraction, causing the
decrease in PAR availability inside the canopy (Figures 13a, 15a and 16a). The branch
damage (location 2) increased the gap fraction and PAR availability within the canopy
(Figure 14a).

Diffuse light could better penetrate the canopy [86] and reach the ground than the
direct light (Figures 13a, 14a, 15a and 16a vs. Figure 13b,c, Figure 14b,c, Figure 15b,c and
Figure 16b,c, 1 m height). Therefore, the vertical profile of canopy PAR availability was
more homogeneous under diffuse light compared to direct light. Since the photosynthetic
rate of single leaves shows a non-linear response to the light flux density [86], the canopy
can use diffuse light more efficiently than direct light. This is important for optimal canopy
photosynthesis.

Under direct light, the PAR availability within the canopy decreased sharply at a
certain height (Figure 13b,c, Figure 14b,c, Figure 15b,c and Figure 16b,c). The vertical profile
of PAR availability within the canopy mainly depended on the position the incident direct
light could reach before being intercepted. Under midday direct light, the dead tree fall
(location 1) and the branch damage (location 2) allowed the light to reach the deeper canopy
unhindered. This increased the PAR availability inside the canopy (Figures 13b and 14b).
In contrast, the closing gap (location 3) and the canopy growth (location 4) caused the
light to be intercepted by the canopy at higher positions. This led to the decrease in PAR
availability within the canopy (Figures 15b and 16b). Moreover, midday direct light was
more vertical (zenith angle 28.4◦) than the morning light. Hence, midday direct light
can better penetrate the canopy and cause sunflecks within and below the canopy. These
sunflecks were impacted by the canopy gap dynamics and briefly increased the PAR
availability within and below the canopy (Figures 13b, 14b, 15b and 16b). Such sunflecks
may contribute up to 80% of the total irradiance in the understorey [87]. These sunflecks
can greatly impact the growth of understory plants [88]; the utilization of sunflecks has
been credited for up to 60% of the carbon gain by understory plants [89].

The morning direct light was more oblique than the midday direct light (zenith angle
81.3◦ vs. 28.4◦). The morning direct light had a longer path through the canopy and was
intercepted more by the top of the canopy, compared to midday direct light. Therefore, the
canopy growth in the upper canopy had the greatest impact on the interception of morning
direct light compared to other canopy gap dynamics. Due to the canopy growth, from
2015 to 2022, the morning direct light was intercepted higher up in the canopy at all four
locations. This resulted in a decrease in PAR availability in the top canopy layer from 2015
to 2022 (Figures 13c, 14c, 15c and 16c).

Some classic light extinction models used the exponential assumption for the vertical
light availability within the canopy [90–92]. Our results showed that, at fine spatial scales,
the canopy light availability might be different from the classic light extinction model, and
this difference highly depended on the local canopy structure and its dynamics, as well as
the illumination condition (Figures 13–16). The differences in the spatial scales investigated
and the structural representations might be the reason for the different results between
the classic light extinction models and the bitemporal 3D-explicit RT modeling. These
differences between models should be considered in future research when modeling the
canopy light availability with gap dynamics.
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4.3. Outlook

This study is important for modeling the impact of forest canopy dynamics on RT
at high resolution so that the RT modeling can be matched to the temporal dynamics
observed by UAV RS. Based on bitemporal 3D-explicit forest structure representation, RT
modeling could explicitly match with bottom-of-atmosphere RS observations spatially
and temporally. However, there are still challenges in (1) matching RT modeling with top-
of-atmosphere (i.e., satellite) RS observations, such as accurate modeling of atmospheric
effects and its temporal variations (e.g., clouds) and precise registration of geolocation
between images; (2) the feasibility of conducing multi-temporal 3D-explicit RT modeling
with more sufficient input parameters, in different forest types, and at a landscape level
that aligns with the scale of EO to obtain more generalizable conclusions about canopy
light regimes. Such challenges need to be investigated in the future.

Different TLS instruments (RIEGL VZ400 and VZ400i) were used to estimate the LAI
of the forest stand at two time stamps. Since their difference in lower reflectance thresholds
could cause uncertainties in the bitemporal LAI estimation, we filtered the raw TLS data of
both instruments to minimize the impact of different TLS equipment on LAI estimation.
As a wider range of TLS equipment is commercially available, including that of other
manufacturers, future work should include benchmarking studies to guarantee proper use
of TLS data in the context of time-series forest dynamics.

This study reconstructed the bitemporal 3D-explicit model for a typical temperate
deciduous forest using the QSM and FANNI algorithms and TLS data. Further studies in
structurally different forests are needed to obtain the 3D-explicit models of different types
of forests and environmental conditions, i.e., forests of different latitudes (tropical, boreal),
canopy cover (e.g., savanna), understory (e.g., different ground reflectance due to rain,
seasonal leaf litter, or undergrowth), or disturbances (fire, insect infestation). However, due
to the diversity of forests, there are multiple difficulties in performing structural modeling
for different forest types based on QSM and FANNI algorithms and TLS data. In many
forests, only leaf-on TLS data can be used for structural modeling because of their evergreen
nature. However, the spatial information of the top of the canopy is incomplete in leaf-on
TLS data because of the canopy occlusion on the laser beam. Hence, it is difficult for QSM
and FANNI to reconstruct the complete structural model. In addition, accurate leaf-wood
separation from TLS point clouds is also a challenge in both tropical and boreal forests. It is
difficult to develop an accurate wood-leaf separation algorithm broadly applicable across
different tropical forest types because of their structural complexity and diversity [93,94].
In boreal forests, it is challenging to distinguish individual needles in any tree- or plot-level
TLS point cloud because conifers have small needles and densely clustered leaves [95].
Often, it is even very difficult to recognize individual needles and branches in point clouds.
Moreover, accurate and efficient individual tree segmentation from point clouds has been a
pressing problem due to the overlap between tree canopies. The above challenges make it
difficult to conduct structural modeling for different forest types based on QSM and FANNI
algorithms and TLS data. LiDAR data with more detailed canopy structural information
could help to address the above challenges. These LiDAR data might be acquired from,
but are not limited to, the full waveform hyperspectral LiDAR [96], LiDAR with greater
penetration, or multi-source LiDAR data fusion [97]. If these challenges could be solved,
the 3D-explicit model could be reconstructed for diverse forest types based on QSM and
FANNI algorithms and LiDAR data.

This study currently uses a general assumption on the spatial heterogeneity of the leaf
structure (leaf angle, leaf size, leaf area density distribution) in the leaf reconstruction [50].
The leaf area distribution was based on branch height and order; the leaf orientation was
mostly faced upwards with some random variations; the leaf shape was a tetragon, and the
leaf length was distributed uniformly between 25 cm and 30 cm. These assumptions on leaf
structure in the bitemporal 3D-explicit model produced some errors in the 3D structure
compared to the real canopy with leaves. For more precise RT modeling, ground sampling
of actual leaf shapes and distributions, such as leaf form, curvature, and arrangement,
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should be considered in future studies. Moreover, a key issue in quantifying these errors
was that explicitly measuring and reconstructing leaf structure at stand scale (>1-ha) was a
great challenge for now. The explicit reconstruction of individual leaves was only possible
if the leaves in the upper canopy could be fully scanned, i.e., there was no canopy occlusion
on the laser beam. To do so, the above-mentioned full waveform hyperspectral LiDAR [96],
LiDAR with smaller beam divergence for greater canopy penetration, different TLS scan-
ning strategies [98], or multi-source LiDAR data fusion [97] should be further explored in
future research to overcome the canopy occlusion on the laser beam, obtain the complete
canopy leaf structural information, and improve the realism of canopy leaf reconstructions.

The spectral properties of trees and understory plants change across seasons. Leaf
spectral properties change through the season as leaves age [99]. The reflectance of un-
derstorey, leaf, and wood also changes after rain due to water content change. Since this
study focused on the impact of long-term forest structural dynamics on RT modeling, we
used spectral properties measured in 2015 for RT modeling of the two time stamps. Future
multi-temporal RTM studies should consider the effect of the above temporal heterogeneity
of forest spectral properties on RT modeling.

The Illumination condition determines the ratio of direct/diffuse incident light and
the direction of direct light, thus impacting the canopy light distribution. This study
tested three illumination conditions: diffuse light, midday direct light, and morning direct
light in the light availability simulation of explicit locations. Further studies with a wider
range of illumination conditions are needed to better investigate the impact of illumination
conditions on canopy light availability. Comparisons between bitemporal 3D-explicit RT
modeling, in-situ PAR sensor measurements, or the classic light extinction model (e.g., the
exponential assumption [90–92]) are also needed. Such comparisons could help us better
understand the light regime inside the canopy.

To improve the value of 3D RTMs in the calibration and validation of RS products,
a proper validation method should be designed to validate the 3D RT modeling with
in-situ measurements and actual RS observation, possibly starting from using bottom-
of-atmosphere RS data (e.g., UAV images) as reference [34,43,75,100], then validating the
3D RT modeling with top-of-atmosphere RS data (i.e., satellite EO). More complex forest
elements should also be reconstructed for more precise RT modeling. These elements
include, but are not limited to, lianas in tropical forests [101], grasses, and shrubs. The
combination of UAV-LiDAR and TLS is a promising way to improve the scale of 3D RT
modeling to align with the scale of EO. Forest structural properties at a landscape level
can be efficiently obtained from UAV-LiDAR data. Such forest properties of large scale
can be used as the quality index [75] to guide the TLS-based tree library reconstruction
method [34,48,75]. In this way, it is possible to conduct 3D forest RT modeling at a landscape
level with feasible storage and computational resource consumptions.

5. Conclusions

This study provides the first 3D-explicit forest model with bitemporal structural repre-
sentations, which is one of the most realistic forest scenes for bitemporal 3D RT modeling
to date. We reconstructed the 3D-explicit scene of 2022 Wytham Woods forest based on
TLS measurement and quantitative structural modeling. Together with the existing 2015
Wytham Woods forest model, we created the most explicit bitemporal 3D forest scene to
date for RT modeling. This study demonstrated the potential of this bitemporal 3D-explicit
RT modeling on the forward modeling and quantitative interpretation of RS observations
of LAI, FAPAR, and canopy light regimes. Results showed that, compared to the 2015 scene,
the leaf FAPAR of the 2022 forest scene relatively increased by 5.4%, and the HDRF at nadir
viewing direction relatively decreased by 3.8%. This study also quantified the impact of
canopy gap dynamics on forest light regimes of explicit locations. The results showed that,
in this bitemporal 3D-explicit forest scene reconstructed, only under diffuse light did the
branch damage and closing gap significantly impact ground light availability. Under direct
light, the vertical profile of PAR availability within the canopy mainly depended on the
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position the incident direct light could reach before being intercepted. This position was
impacted by the canopy gap dynamics.

This study demonstrates that bitemporal 3D-explicit RT modeling is a powerful tool
for studying canopy light regimes as impacted by dynamics in forest structure and its sub-
sequent ecological implications. This bitemporal 3D-explicit RT modeling allows spatially
explicit modeling of canopy light regimes over time to study key ecosystem processes such
as photosynthesis, regeneration, and competition, and to aid in the interpretation of RS
data on forest structural dynamics. By using virtually reconstructed forests, we can place
virtual sensors anywhere in the canopy. This way we can measure light regimes at a much
finer spatial resolution, or at locations that are often impractical in the field (e.g., high up in
the canopy).
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